A model based fault detection and diagnosis scheme is proposed in this paper and a lumped parameter MIMO model has been considered. The characteristics of single as well as multiple faults using residuals are investigated in air-conditioning (AC) system provided in passenger coach of an Indian Railways. The residuals of the fault are generated by using real life simulator and model. The faults are diagnosed by classifying residual patterns. The classifications of residual patterns have been done by using three approaches: hexadecimal decision table, least square support vector machine (LS-SVM) and a novel approach named as hybrid classification approach.
INTRODUCTION
The main purpose of fault detection and diagnosis (FDD) is, to detect, locate and if possible, predict the presence of the defects causing faulty operation. A fault is detected when the observed behaviour of a system differs from the expected behaviour by some threshold. In this work, lumped parameter model, based on physical laws, is used to capture the expected behaviour of the system. The model has been developed by considering complete AC system, i.e., the refrigeration circuit as well as the air circuit simultaneously. There are total twelve state variables in this complete model and the derivation of the model was discussed in [1, 14] . The dynamics of AC system is interlinked, so the fault in one component will also affect the functioning of the other components. In this paper, the fault diagnosis is done using residuals. The residual is defined as the difference between output of the fault free model and the output of the actual plant. A residual sequence or pattern is generated by grouping residuals, and faults are diagnosed by classifying the residual patterns. The diagnosis of single as well as multiple faults of AC systems is discussed in this paper.
Generally, FDD methods can be divided into three types: the model-based method [2] , the feature-based method [3] and a combination of both. Model based fault diagnosis scheme generally based upon two types of models (i) physical model [4] [5] [6] (ii) Black box model [7] [8] 10] . After literature review it has been found that model based fault diagnosis scheme using physical laws has used either refrigeration circuit model [5] [6] 11] or air circuit model [4, 12] separately. The complete model of an AC system i.e. refrigeration circuit and air-circuit simultaneously has not been used for fault diagnosis of air-conditioning system. The proposed FDD scheme in this paper has used complete airconditioning model for diagnosing major air-conditioning faults.
Some advanced algorithms such as support vector machine methods [4, 9] were also utilized to diagnose AC faults. But these schemes were used for diagnosis of single type faults only. In [4, 9] a multilayer support vector machine (SVM) classifier is used. The limitation with these schemes is that they require as many layers of parallel SVM networks as the number of fault modes. Therefore, diagnosis of multiple type faults is difficult using these schemes due to increase in computational burden. Motivated by these facts, a fault diagnosis scheme has been proposed in this paper by using complete air-conditioning model for diagnosing single as well as multiple faults. The main contributions in the paper are as follows: 1. Model based fault diagnosis schemes are developed by using residuals for diagnosing major AC faults. The residuals of the fault are generated by using real simulator (an experimental set up with provision of generation of artificial faults) and a lumped parameter model of AC system provided in passenger coach of Indian Railways. 2. The classifications of residual patterns for identifying faults are done by using three approaches: LS-SVM classification, hexadecimal residual code and hybrid classification approach. The single as well as the multiple faults are classified with good accuracy by using the hybrid classifier. 3. The proposed fault diagnosis schemes are validated using simulation and the robustness of these schemes is checked against practical disturbances.
DESIGN OF MODEL BASED FAULT DIAGNOSIS SCHEME
The primary requirement of model based fault diagnosis scheme is the fault free model of the plant. Here, we have considered the lumped parameter model to represent fault free AC system as shown in figure 1 . In this paper, the faults are identified by using residuals. The residuals are generated by taking difference between the output variables of the actual plant and the output variables of the fault free model of the plant under same input excitations (control inputs and disturbances).
Figure1. Block diagram of residual generation scheme The block diagram of residual generation scheme is shown in figure 1 . Normally, the residual is designed to be zero (or small in a realistic case where process is subjected to the disturbances) in the fault free case and it deviates significantly from zero when fault occurs. The output variables, sensitive to the faults are selected and the residuals are generated corresponding to only these output variables.
The residuals in a group form a pattern for each condition, i.e., fault free or the various faulty conditions. The classification of the residual patterns is required for diagnosing the fault. The following three classification schemes have been adopted in this paper.
I. LS-SVM classification approach
In this approach a LS-SVM based network [18] is trained off-line using the training data. The training data contains the residual patterns under the fault free and the fault conditions that are to be classified. The LS-SVM based trained network, diagnoses the fault for each on-line pattern.
II. Hexadecimal residual code approach
Hexadecimal residual code is generated corresponding to each residual pattern by the threshold test. The faults are diagnosed by comparing the generated hexadecimal residual code with the stored hexadecimal residual code in a decision table. The hexadecimal decision table is prepared by analyzing the symptoms of various faults.
III. Hybrid classification approach
A new approach named as hybrid classification is proposed for diagnosing single as well the multiple faults. The approach is a combination of earlier two approaches, i.e., LS-SVM & hexadecimal residual code. This approach has addressed the limitations of earlier approaches. All three approaches will be discussed in detail in section IV.
FAULT DETECTION BASED ON RESIDUAL ANALYSIS
Sensitivity of output variables under the fault condition has been examined and a fault decision table is developed based on the residual evaluation for diagnosing the faults.
Sensitivity of output variables under fault conditions
First of all in the fault diagnosis, the output variables that are sensitive to the faults are selected and the corresponding residuals are generated. The output variable will be known as sensitive to a fault if it changes noticeably in the faulty condition as compared to the fault free condition. The experimental study of the output variables has been conducted under various fault conditions. The experiment has been conducted on a real simulator of air-conditioning unit provided in Indian Railways passenger coach. The simulator is used for simulating various fault conditions in the AC system.
Residual Analysis
The temporal variations of residuals for the fault mode "evaporator fan speed decreasing" have been shown in figure  2 . Here, only residuals corresponding to the output variables that are sensitive to the faults have been shown. The following constant thresholds at ±2C, ±0.5 bar for the residuals corresponding to evaporator wall temperature and evaporator pressure respectively are assumed. From figure 2, it is clear that for this fault mode, the residuals of evaporator wall temperature and evaporator pressure are well above their respective thresholds and the residuals of coach air temperature and relative humidity are below their respective thresholds. Therefore by analyzing the residuals, the faults can be diagnosed. However, the diagnosis accuracy will be poor with the constant threshold due to noise, disturbances etc. Similar, analysis of residuals can be done for the other faults. The residual analysis for twelve fault modes has been discussed in next section and a fault symptom table has been developed. 
2(a) 2(b)
0
Design of fault symptom table
In this sub-section, the residuals associated with twelve single fault modes and one fault free mode are generated and arranged into the residual patterns as shown in Table 1 . Each row indicates the residual pattern associated with a particular fault mode. Different faults having identical pattern were aggregated into a single fault mode. A positive residual is shown by an arrow pointing up,  , indicates a value for the variable in the faulty condition, is less than that given by the fault free model. Likewise, an arrow pointing downward,  , indicates a negative residual corresponding to value for the variable in the faulty condition, greater than the value for fault free model. A horizontal arrow, , indicates that residual is approximately zero and not sensitive to the fault. These residuals have been generated by using the real simulator of AC package unit. In this example, only eight residuals are found sensitive to the twelve single fault modes shown in Table 1 . It should also be noted that the residual pattern for a fault mode may change due to change in the degree of fault. The generation of residual pattern can be understood by taking an example of fault mode, "refrigerant leakage" (fault mode 2 in Table 1 ). After occurrence of this fault, the evaporator wall temperature will start increasing. So the residual corresponding to the evaporator wall temperature becomes negative. If the refrigerant leakage is small then the actual thermal space temperature and the absolute humidity will remain initially approximately equal to that obtained with the fault free model. Therefore, residual corresponding to the temperature and the humidity in thermal space will remain ideally zero. In this fault mode, evaporator pressure, condenser pressure and the condenser wall temperature decreases so the residuals corresponding to these become positive. Further, the air-flow rate into conditioned space and the speed of compressor will remain unchanged. So, the residuals corresponding to these variables remain zero. A pattern of residuals corresponding to the refrigerant leakage is shown in third row of Table 1. In the Table 1 only four fault modes shown due to space constraint and patterns of residuals for other faults can be generated on similar lines. It may be noted that the faults may be the component faults or the sensor faults. In case of sensor faults the residual corresponding to that sensor will be affected and other residuals will remain ideally zero. 
CLASSIFICATION APPROACHES FOR RESUIDUAL PATTERNS
It is clear from the discussions in the previous sections that by classifying the residual patterns, the diagnosis of the faults can be done. In this section, three classification methods: LS-SVM classifier, hexadecimal residual code and hybrid classification approach are discussed. LS-SVM classifier and hybrid classification approach methods require training data sets that are generated using the real time simulator. Here LS-SVM is used to classify twelve fault modes and one fault free mode. Multilayer binary classifiers are used for this application. There are 13 layers of binary classifiers as shown in figure 5 . The more frequent faulty condition is placed in the upper layer of the FDD system to improve the performance of FDD.
LS-SVM classifier

Remarks 1:
This scheme requires one layer of LS-SVM network for diagnosing one fault mode, i.e., if fault modes are 13, thirteen layers of LS-SVM network are required. With the increase of fault modes, number of layers will also increase linearly. The centralized air-conditioning system has large number of sensors and components and the number of possible faults will be in the order of hundred. So, it is difficult to diagnose faults using this scheme due to increase in the computational burden. To overcome this limitation, another approach known as hexadecimal residual code approach is proposed.
Hexadecimal residual code approach
Figure 4 Block diagram of hexadecimal code based fault diagnosis
In this approach, the residual patterns are generated as per scheme discussed in earlier section. These patterns are classified by generating the hexadecimal residual code by comparing each residual with their threshold as shown in The on-line residual code, i.e., hexadecimal number is compared with the hexadecimal number stored in the fault library and this will give fault status. Single faults as well as multiple faults can be diagnosed using this approach. In this case, single fault implies at a time either component or sensor is faulty. Multiple faults imply either sensors/components are faulty or sensor and component are faulty simultaneously. However, in this paper the multiple faults either between two sensors or between two components are considered. The multiple faults are not generated on the real simulator. However, the pattern corresponding to the multiple faults is linear combinations of single fault patterns except the case in which patterns are canceling each other. In such cases, the resultant residual is found out by physical intuition and this decision is made on the basis of degree of faults, and the dynamics of faulty components. Accordingly, a hexadecimal decision Table 2 for some single faults and multiple faults has been constructed and used for decision making in FDD. Table 2 Hexadecimal Decision Table Limitation of hexadecimal residual code approach Hexadecimal residual code approach can be used for single as well as multiple faults and constant thresholds are used for each residual. In practice, good diagnosis accuracy is difficult to achieve with fixed threshold as the residual may be more than the threshold, due to reasons other than the fault such as modeling errors, noises or deterioration in performance. So, selection of optimum threshold is very challenging and important in this approach. A very small change in the threshold may change the diagnosis accuracy immensely. A new approach is proposed in the next section for diagnosing single and multiple faults with good diagnosis accuracy.
Hybrid classification approach
A new approach named as hybrid classification approach is designed for fault diagnosis by mixing LS-SVM and the hexadecimal code approach. This hybrid classification approach is intended to reduce the limitations of earlier approaches. The residuals are fed to parallel layers of LS-SVM classifier. It gives output in terms of binary numbers, i.e., 0 or 1. Each layer corresponds to a different residual. In this example, there are eight fault sensitive residuals, so there will be eight layers of LS-SVM based classifier. When a residual will corresponds to a fault, then output of the LS-SVM layer will be 1 otherwise it will be 0. The scheme can be understood by considering an example, suppose residual classifiers are trained in similar way as discussed in section A of section IV, but training data set are different in both cases. The role of LS-SVM network is also different in both cases. Here, the role of LS-SVM network is similar to the threshold test in hexadecimal residual code approach. Each LS-SVM trained network layer has eight residuals as input instead of one residual as input. In some cases (especially near threshold value) it is very difficult to decide whether a residual value is corresponding to faulty condition or fault free condition. But in such cases with the knowledge of other residuals it is easy to decide faulty or fault free condition. The outputs of eight LS-SVM classifiers are converted into the hexadecimal residual code using hexadecimal code generator. The output corresponding to residual 1 r is the most significant bit (MSB) in hexadecimal code and output corresponding to residual 8 r is the least significant bit (LSB).
The fault is identified by comparing the hexadecimal residual code with the hexadecimal code in fault decision table. By using this approach, no threshold selection is required and at the same time this approach can identify single as well as multiple faults without increase in the number of LS-SVM classifier layers. For example 13 fault modes are diagnosed by 13 layer of LSSVM network using LSSVM classifier as discussed in section A of part IV. However, using the hybrid classification approach it can be done with only eight layers. So there is significant saving in computational effort by using the hybrid classification approach. Different steps of the algorithm are stated as follows:
RESULTS AND DISCUSSIONS
In this section, the results of fault diagnosis using LS-SVM classifier, hexadecimal residual code and the hybrid classification approach are discussed.
LS-SVM classifier
In this work, twelve different fault modes and a fault free mode are diagnosed using multilayer binary classifiers. Total 1365 training data set are used for training LS-SVM network. The testing data sets are selected in such a way that these differ from training data set. The deviation of the testing data from the training data is maximum possible within the upper and the lower bounds of the training data set. Total 428 data sets are used for the testing. The performance of LS-SVM classifier is compared with feed forward neural network based classifier [16] . The architecture and neuron number are designed to achieve high classification accuracy using the feed forward neural networks. In this example, single hidden layer with four nodes are used in the neural network architecture for comparative study. The performances of two classifiers are compared. The eight residuals, used for diagnosing the faults, are prone to uncertainties and practical noises. These uncertainties are due to considering fault free model, as perfect mathematical modeling is not possible for any practical system. The measurement system itself has also uncertainties and noises e.g. dry-bulb air-temperature of conditioned space cannot be measured perfectly due to the spatial variation in air temperature. So, the performance of the FDD methods needs to be checked in the presence of noises. A uniformly distributed random noise is added during testing, and training is done in the absence of noise. The test data is added with uniformly distributed random noise U(-a,a). The magnitude of 'a' is 5%,10%, and 20% of the value of the testing residual in the absence of noise. The noise is added in all eight residuals, simultaneously. The fault diagnosis performances of both classifiers are shown in Table 3 Table 4 Performance of Hexadecimal code approach From results, it is clear that the hexadecimal residual code approach has poor diagnosis accuracy in comparison to LSSVM classifier approach. The last column of Table 4 shows the diagnosis accuracy with increase in threshold by 5%. The above results have also shown that the variation in the threshold affects diagnosis accuracy badly. Although the diagnosis accuracy is poor but multiple faults can be diagnosed using this approach.
C. Hybrid Approach
In the hybrid approach, eight different sets of training data 1 are used for the training eight layers of LS-SVM classifier. Total 592 training data set are used to train all eight layers of LS-SVM network. There are 577 testing data, different from the training data, generated that consist of all fault modes including multiple faults. The diagnosis performance of this approach is checked in the absence of noise as well as presence of noise. The robustness of this approach against uniformly distributed random noise has been analyzed. 1 The eight different set of training data are corresponding to eight fault sensitive residuals as discussed in part III.
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December [18] [19] [20] 2013 . Mumbai, India Table 5 Performance of hybrid approach The noise has been added only during testing of LSSVM network, and the training has been done in absence of noise. RBF kernel has been used for the LS-SVM classifier. The results with this approach are shown in Table 5 . From Table  5 it is clear that the hybrid approach has excellent diagnosis accuracy in absence of noise as well as presence of noise. Forty four fault modes including multiple faults can be diagnosed using this approach.
CONCLUSIONS
This paper discusses the model based fault detection and diagnosis schemes of air-conditioning system by classifying the residual patterns. The residual patterns are generated by taking the difference between the plant output and the fault free model output. The lumped parameter model of complete AC system is considered as fault free model. A novel classification approach named as hybrid classification approach is developed by mixing hexadecimal residual code approach and LS-SVM based approach. The hybrid classification approach addresses the limitation of optimum selection of threshold value and can be used to diagnose the multiple faults. The diagnosis of twelve single faults and thirty two multiple faults of an AC system provided in a passenger coach of Indian Railways are achieved using this approach. The robustness of the FDD scheme against noises is also checked. The diagnostic accuracy of FDD scheme using hybrid classification approach is found excellent in presence as well as absence of noise. This approach can also be used for diagnosing faults in processes other than AC system. The limitation of these FDD schemes is that the diagnosis accuracy depends upon accuracy of the fault free model. 
